fa ll 2 0 18 43 earable devices have seen tre mendous growth during the last ten years. This has been made po ssible with evershrinking electron ics, cost reductions, and the rise in mobile computing, making it possible to share significant computational workloads. Recent estimates show an annual growth of 17% in wearable devices in 2017, with more than 300 million devices sold. It is also projected that more than 500 million devices will be sold by the year 2021 [1] . Although these figures show some staggering growth and potential for wearable devices, a detailed look at the num bers reveals that the application areas where wearable devices have been a success are quite limited. Most of the devices considered wearable take the form of smart watches, fitness trackers, bodyworn cameras, and headphones. It should be emphasized that the mentioned numbers are for
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Wearable Medical Devices
devices that are made for consum ers and used mostly for entertain ment, wellness, and general health purposes. The benefits provided by most of the healthrelated wearable devices are insufficient for medical use mainly because of lowquality data and insufficient accuracy in clas sification tasks.
Although wearables for consumer use will continue to grow, it is impor tant to keep in mind the distinction between consumer and medicalgrade devices. In the sphere of medical de vices, wearables for the monitoring, diagnosing, and realtime manage ment of illnesses are still at a very early stage. One of the main reasons for this slow growth, as well as adoption, is the design of such devices, which is inherently very challenging. In this article, we will first look at the need for wearable devices to improve health care to understand and define a set of requirements for their design. Subse quently, based on these requirements, we will look at the challenges that exist in the development of wearable medical devices, particularly from the perspective of system and circuit level implementations.
Long-Term Patient Monitoring Using Wearable Devices
The longterm monitoring of certain biosignals can significantly help iso late healthrelated issues, improve patient outcomes, and lead to early diagnosis in many different health problems, illnesses, and disorders. These include diabetes; epilepsy; sleep apnea; atrial fibrillation; rapid eye movement (REM) behavior disorder; and many other neurological, respira tory, and cardiac problems.
In the case of diabetes, continuous glucose monitoring [2] can be used to monitor blood sugar levels and alert the patient instantly when these lev els are too high or too low so that corrective action may be taken with out any delay. In the case of epilepsy, patients are often admitted to hospi tals for monitoring of their brain sig nals [electroencephalogram (EEG)] to capture epileptic events that are oth erwise difficult to record [3] . Having continuous longterm monitoring at home greatly improves the likelihood of capturing these signals, helping to provide the right kind of medica tion. In even more advanced cases, automatic realtime seizure detection methods [4] in wearable devices may be used to perform closedloop brain stimulation for seizure suppression.
Sleep monitoring is yet another area where longterm monitoring brings many advantages. For disorders like insomnia, narcolepsy, and REM behavior disorder, recording and analyzing data during multiple nights of sleep pro vides great insights into sleeping pat terns. This helps medical professionals gather more contextual information to improve the diagnosis. Si milarly, brain monitoring during long periods of time has the potential to have an impact on mental health disorders, an area that desperately needs more understanding and improvement of care provisions. In addition to these, looking after the health of the growing elderly popula tion, particularly in Western countries, is an urgent matter that requires novel methods of realtime continuous moni toring at home. It is also with longterm monitoring of patients at home that pharmaceutical research can benefit from big data analytics.
In most cases, the conventional way of longterm monitoring involves inter mittent clinical admissions at frequent intervals. This is quite inconvenient for patients because it completely inhib its them and takes them out of their normal daytoday lives. In addition, hospital admissions are very expen sive and not very costeffective. If we consider neurological sleep disorders, patients are generally admitted to sleep clinics for one or two nights to record, among other measurables, their brain waves, muscle activity, and eye move ment in a test known as polysomno graphy. A technology that enables longterm monitoring at home would make it much easier to gather more data, provide more information to the doctors, and save hospital admission costs. In the case of narcolepsy, where daytime sleep is assessed, it is even more inconvenient to conduct these tests where patients have to come in for testing during the day, three to five times in a week.
Apart from inherent limitations, the other problem with conventional methods in medicine is that they are reactive, so monitoring only starts in response to a more serious con cern. To meet the demands of these healthcare challenges, it is clear that longterm patient monitoring is fast becoming an integral requirement of overall patient care. However, together with the growing population and rise in chronic diseases, hospital admis sions for monitoring purposes is a huge bottleneck in the way of provid ing accessible health care. The current model of providing care is unsustain able for the future, and significant change is needed. This is where wearable devices in health care have the potential of huge disruptive impact. If we could design medical devices that patients could take with them and easily use them as part of their daily lives, then we would be able to provide longterm monitoring at a significantly reduced cost. But while the idea of a future in medicine full of wearable devices sounds attractive, it does come with a lot of potential new challenges that need to be addressed early on to make them a success. One of the key issues is that longterm monitoring using wearables generates huge amounts of data. Analyzing these data manually requires time and effort and adds to Looking after the health of the growing elderly population, particularly in Western countries, is an urgent matter that requires novel methods of real-time continuous monitoring at home. the overall cost. Analyzing and scor ing one night of sleep monitoring data, e.g., takes up to 4 h [5] . Similarly, parsing through a month of EEG data looking for seizure events is a very tir ing, expensive, and errorprone task. Hence, we need to take advantage of the advances in machinelearning methods to sift useful data from these long recordings. This can be integrated in the overall system in a number of ways, but the end result needs to be a wearable device that is not only a passive data collector but something that can sense and process signals to provide feedback, in some cases in real time.
The overwhelming trend during the last three decades has been the shrink ing size of electronic devices. Patient care at hospitals has naturally benefit ted from this trend, as a number of devices are now portable enough to allow patients mobility during their stay at hospitals. A Holter monitor is perhaps the most wellknown example of a batteryoperated portable medi cal device that is used to monitor car diac activity continuously, usually for 24-48 h. A pulse oximeter is also a portable medical device, although its suitability for continuous monitoring is questionable due to artifacts, and its use is limited mostly to hospitals for vital signs monitoring [6] . Portable and wireless EEG recorders are also begin ning to be used, where a storage unit is attached to the patient's body using a belt and allows them to move freely during the recording sessions [7] .
General Requirements for Wearable Medical Devices
Although there is no formal defini tion of a wearable medical device, it can be considered as something that can be comfortably worn by the user during long periods of time to continuously sense a certain signal. Hence, although the aforementioned devices are portable, they are not truly wearable because they cannot be used easily by patients and are not designed for that purpose. In fact, the current portable devices in use at hospitals are doctorcentric, i.e., they are designed mainly to be used by doctors to monitor patients. For longterm athome monitoring, the challenge is to create robust and reliable devices that patients will want to use, which requires a patient centric approach.
The most significant requirement of a wearable medical device, apart from functionality, is that it centers around human factors. This includes system reliability, small form factor, ease of use, safety, clinical efficacy, light weight, and a long battery life requiring infrequent recharge cycles. All of these requirements may not be needed, and the exact ones will depend on the specific medical condition for which the device is being developed. Further, some of these requirements are generally needed for consumer wearable devices as well, but in those cases consumers are willingly using the device and making a conscious purchase, and therefore they are will ing to sacrifice on some of the factors. The needs of the patient population, however, are completely different from the normal consumer population, and their attitude toward these devices is also different. First, they are more likely to be diverse in age and level of education. Second, because the wearable medical device would be prescribed by medical experts, the patients would be using these devices without making a voluntary deci sion and may not be using them will ingly. Thus, it is important that these devices for longterm use integrate seamlessly into a patient's lifestyle and are easy to use for all kinds of patients to ensure a high rate of com pliance. If the devices cannot be used for long periods due to noncompli ance (resulting from poor design), the purpose of creating them in the first place is defeated.
Wearable medical devices that are intended to be used continuously dur ing long periods of time are likely to generate large amounts of data. Hence, there is a requirement for these data to be stored on the device, requiring some kind of flash memory. In the case of EEG monitoring, e.g., seven days of continuous recording with four channels can generate 3.4 GB of data when sampled at 1 kHz using an ana logtodigital converter (ADC) with 12b resolution. This, in turn, would require powering up the memory blocks in the circuit, adding to the overall power consumption. An alternative is to trans mit data wirelessly to a nearby receiver; however, the power requirements for data transmission will need to be taken into account. Having said that, wireless transmission also helps to make the sys tem easier to use and can be an attrac tive option from the usability point of view. It also helps to add important functionality of realtime feedback to allow timely interventions.
Although factors such as power consumption and user convenience are very important, in most cases, the decision of whether to store data locally or transmit wirelessly will mainly be dictated by the context and application in which the wearable medical device is to be used. In one designed to cap ture data to be analyzed for longterm trends, flash storage would be a more reliable method. In a device where realtime feedback is important, e.g., realtime seizure detection, the use of wireless transmission is a design requirement. However, regardless of the way in which the end data are han dled, the large amounts of data may also require compression to ease some of these requirements.
In cases of realtime applications, another key requirement is an algo rithm, implemented on hardware, A technology that enables long-term monitoring at home would make it much easier to gather more data, provide more information to the doctors, and save hospital admission costs.
that can process the data and provide actionable results. The algorithms can either be implemented on the wearable medical device itself or on a nearby receiver to handle a higher processing bulk load. Figure 1 shows the two common architectures that can be employed for wireless real time or nearrealtime devices. In the first case, the wearable device is only required to sense and trans mit data (perhaps after some form of compression), whereas the receiv ing device, with fewer power and re sources constraints, processes these data to extract useful information for clinical use. In the second case, only the processed data are transmitted, which is significantly smaller in trans mit payload, resulting in significant power savings and thus improving the system battery life. This strat egy is known as data selection and is illustrated in Figure 2 . This requires realtime processing of signals at the source of their acquisition. A low complexity algorithm implemented on hardware is thus required, which can also serve as a form of compression whereby only clinically useful data is kept or transmitted, and the back ground activity is discarded.
Another important consideration is the myriad regulatory requirements for medical devices [8] , [9] . These add a number of constraints for the design ers, particularly regarding the require ments for electromagnetic emissions and compatibility, heat dissipation, characteristics of isolations, spacing in printed circuit board tracks, mechani cal characteristics, biocompatibility of materials, testing, and so forth. It is important to take these into account early so that they are integrated into the design process.
The requirements mentioned here are only a subset from a much larger pool, and more can be added based on the specific use case. However, what is quite clear is that these requirements are very important and integral to the success of wearable medical devices, and no compromises can be made on them. This brings about significant constraints for the designers of such devices, making the development of a wearable medical device a signifi cantly more complex process than it would be for a consumer device. These restrictions are also going to manifest in every part of the design process, in cluding circuits, interfaces, mechani cal design, signal processing, and the systemlevel design. Furthermore, in many cases the performance and power requirements are so strict that they cannot be met using offtheshelf electronic components, and so these devices are increasingly being made with applicationspecific integrated cir cuits (ASICs) at their core.
General Design Considerations
From an electronics design perspective, the design of a wearable medical device consists of development at three broad levels: toplevel system design, signal processing algorithms, and hardware implementation. These three areas of design are tightly intertwined and involve a number of tradeoffs to be made to meet the primary specifica tion requirements. To avoid expensive changes at a later stage, it is important that design engineers involved with the creation of different parts of the system have a clear idea of these requirements. The end result needs to be a wearable device that is not only a passive data collector but something that can sense and process signals to provide feedback, in some cases in real time. The following sections examine some of the main questions that should be answered for each branch of the design and demonstrate how design requirements in each domain result in a set of constraints for the other. These will be explored for the design of a wearable EEG device for sleep monitoring [10] . Although a specific device is used as an example, many wearable systems will have very si milar generic processing blocks, but the toplevel specifications will result in completely different implementa tions. Further, although these sec tions are presented mainly from a hardware and circuit design perspec tive, much of the discussion is equally valid for systems made using offthe shelf components.
System-Level Design
The example device for sleep monitor ing was to be designed to sense EEG signals, process these in real time, per form classification, and subsequently transmit the results wirelessly. Because it is to be used during sleeping peri ods, user comfort, both physical and in terms of user experience, was of para mount importance. To process the sig nals, the system contained a realtime algorithm running on a custom chip. For wearable medical devices like this, such initial systemwide specifications result in the first set of known design constraints. Although some specifica tions form part of the core require ment, others may have some level of flexibility. The designers responsible for algorithm development and hard ware design should be fully aware of these specifications and ask per tinent questions about the system design requirements.
This initial set of questions that should be asked is shown in Figure 3 . The answers to these questions pro vide some useful direction both for the early feasibility and initial design at the algorithmic and circuit levels. Based on the requirements of how the device is going to be used, e.g., there may be size and other limita tions dictating the use of a particu lar battery. This would, in turn, set an upper limit on the available power budget for the entire system. If there are any clinical requirements, these must be used to chart out the specs for each block in the system.
In the case of EEGbased sleep monitoring, e.g., the American Acad emy of Sleep Medicine recommends an EEG signal sampled at 500 Hz with a resolution of 12 b [11] . As a result, the ADC needs to be designed such that it conforms to these guidelines. In our example [10] , the useful part in the monitoring is the end processed result, which was the classification into one of the five sleep stages. Conse quently, the memory or transmission requirements applied only to this end result. Also, in the design used as the example, it was decided to use smart phones as receiving devices because this helped integrating it into a con temporary lifestyle. This meant that the choice of wireless communica tion was already fixed as Bluetooth Low Energy (BLE) [12] from an early stage, so the data rate limitations that come with BLE also had to be consid ered. Other, more advanced, system level implications of data and system security and privacy should also be taken into account at this stage.
Signal Processing and Algorithms
After taking all of the requirements on board, as the next step in the de sign lifecycle, an algorithm might need to be developed to carry out relevant feature extraction and clas sification tasks to be subsequently implemented on hardware. These two design streams are heavily inter linked to obtain an efficient system. If the objective is known to be an ASIC implementation, then the algorithm must be developed keeping the imple mentation requirements in mind. At this point, algorithm developers should be asked a series of questions, as shown in Figure 4 , to understand these requirements. The answers to these questions are important for algo rithm developers to be aware of the kind of computational techniques they can use reasonably within the constraints that exist as a result of the future hardware implementation.
In the case of the sleep monitor ing system, the answers to some of these questions were instrumental
Is the system design constrained in some way to use a battery of particular size or capacity?
What are the desired signal characteristics?
What resolution is required for sampling the signal? What are the clinical guidelines with respect to signal acquisition, if any, for the specific medical application?
What are specific clinically important outputs that need to be transmitted and/or stored? Does the system involve any real-time or care-critical functionality?
If wireless transmission is used, what receiving device is needed?
What is the data rate based on the required information and frequency of transmission?
Is there a regulatory framework (set of standards) that needs to be taken into account? Are there any security aspects that need to be considered in the design?
Are there any privacy concerns that need to be considered in the design? For long-term at-home monitoring, the challenge is to create robust and reliable devices that patients will want to use.
in developing the algorithm for auto matic sleep stage classification [13] , shown in Figure 5 . The systemlevel requirements of a small form factor, use of a hearingaid battery, and the desire to have a battery life of more than days meant the power budget was limited, and, hence, a limited number of computations could be performed. This led to the decision of trying to use simpler classification methods be cause the computations and memory requirements for the use of classi fiers like neural networks were deem ed to be on the higher side. The chip de signers also communicated their preference of using 16b fixed point arithmetic in the design, which the algorithm developers would need to take into account. The algorithm in [13] works by extracting spectral features that are subsequently clas sified. Hence, having a fast Fourier transform (FFT) processor was a core requirement for the algorithm. Because of this, the numerical errors accumu lated during the entire FFT process ing pipeline as a result of fixedpoint implementation had to be considered. Not considering these errors could have resulted in numerical inaccura cies and degradation in algorithmic performance. Of course, things are not set in stone at this point, and the algo rithm developers can report back say ing which of the constraints definitely need to be relaxed for them to come up with a workable solution.
The state machine of the algorithm can also be developed as an efficient hardware implementation. This can be seen in the sleepstaging algorithm as well, which was designed using a set of decision trees. It could have been one large decision tree, but instead the algorithm was developed to have sev eral small contextual decision trees, inherently reducing the number of comparisons needed for classification. What steps can be taken to ensure the algorithms perform the same when implemented hardware? Are there any nonnegotiable requirements for the algorithm from the system-wide specifications that the circuit designers need to be aware of?
N2
What are the sources of signal artifacts?
What is the minimum amount of data required to validate the algorithm to guarantee the statistical significance for the specific medical application?
What performance metrics can be used to demonstrate efficacy? This was possible by understanding the clinical context of the problem. For sleep classification, knowledge of the five stages of sleep was used and the awareness that the likelihood of each stage of sleep is dependent on the duration of sleep time as well as the previous sleep stage. This contex tual information was used within the flow of the algorithm in such a way that when the likelihood of a certain sleep stage was higher, an attempt to classify that stage would be made first. This way only features that were needed for this classification were first extracted, and the rest were computed on an ondemand basis, thus saving a significant number of comparisons and computations. This algorithmic optimization was needed strictly for hardware implementation and makes no difference when running the algo rithm on numerical software like MAT LAB. But on a resourceconstrained wearable system, this saves hundreds of clock cycles of computations and, thus, improves the power efficiency.
Another important factor worth considering at the time of algorithm development is the artifacts present in the acquired signal. The knowledge about the sources of these artifacts is very important to develop hardware efficient methods for their removal. If the signal is heavily corrupted, then artifact removal stages will be part of the algorithm to clean the signal prior to further processing, adding to the computational burden. The overall processing burden and algorithmic complexity should be estimated at this stage and discussed with the cir cuit designers.
At a higher level, something gener ally overlooked by algorithm develop ers is how those algorithms are going to be tested because there are very spe cific, intendeduse dependent, regula tory requirements on the amount and the type of data that must be used to validate algorithms that deal with phys iological signals in medical devices. Depending on the type of device, and its essential performance and intended use [8] , performance metrics for algo rithm testing need to be determined at the very beginning of the develop ment process. A practical consequence of this is that, in many cases, figures of merit presented in academic papers to evaluate the merits of a particular algorithmic approach are misleading if those algorithms were to be used as part of an actual system. The conclud ing result could be as bad as ending up with a system that is turned down by regulatory bodies.
Hardware Implementation
The specifications needed for the design of integrated circuits are a direct consequence of system and signal processing requirements and should be relatively clear at this stage. However, the circuit designers should consider asking more questions and, where possible, provide some kind of early feedback if changes are required in the algorithm to improve the hard ware implementation. Some of the key areas where the circuit designers should be focused, when given an algorithm for hardware implementa tion, are shown in the checklist in Fig   ure 6 . This list covers some questions for details of the signal processing methods as well as those about the systemlevel requirements relevant for circuit design.
Getting answers to these questions is important for chip designers so that they can start planning for their assigned circuits and systemsona chip and be able to ascertain what parts of the algorithms should be implemented as analog circuits and what parts are suitable for a digi tal implementation. A block diagram of the mixedsignal hardware imple mentation chosen for the previously mentioned sleep monitoring system is shown in Figure 7 , where an ana log instrumentation amplifier (IA) was used to amplify the weakinput EEG signal. The outputs of the IA were di gitized using a 12b ADC. The sleep staging algorithm, which was chosen to be implemented in the digital do main, subsequently processes the digitized EEG signal and identifies the different stages of sleep. A transmitter/ memory block then transmits/stores What is the overall power budget for the integrated circuit?
What are the characteristics of the acquired signal?
What is the bandwidth of the signal? At what ADC resolution is the signal to be sampled?
How does the noise contribution of individual circuits affect the signal integrity?
What is the input signal range that must be accommodated by the implemented circuits?
For each of the data path components, what is the acceptable accuracy in computation?
What is the acceptable error in accuracy for overall classification?
What is the acceptable time range for classification latency? Is there any restriction on the technology process used?
Are there any area restrictions on the chip dimensions?
How will the system be tested (i.e., are there any requirements derived from regulatory constraints)? Is designing an integrated circuit cost effective when integrated, considering the expected level of production, the clinical need, and the reimbursement models? From an electronics design perspective, the design of a wearable medical device consists of development at three broad levels.
the outputs of this algorithm, with a significantly reduced data rate in comparison to the case of transmitting/ storing raw EEG signals.
The design of the frontend cir cuitry is dependent on the sensing mechanism used in the wearable medi cal system. In the case of sensing EEG, electrocardiogram, and electromyog raphy biopotentials, an IA is typically used in the front end to boost these lowamplitude and lowbandwidth sig nals. The input impedance of the IA must be kept sufficiently large (typi cally above 100 MΩ) to avoid signal attenuation caused by the voltage divi sion formed by the electrodeskin and IA input impedances.
A high common mode rejection ratio, typically above 100 dB, is also desirable to ensure that the effects of common aggressors, i.e., power supply noise (50/60 Hz) and motion artifacts, are minimized. The IA must tolerate a certain amount of dc offset voltages (±300 mV in the case of EEG monitoring [14] ), which are produced as a result of the electrochemical effects at the electrode-skin inter face. These voltages can otherwise result in signal distortion, or even saturation, at the IA output. Low noise operation is also required by the IA to not corrupt the weak input signal, whereas the linear range of the ampli fier must be set to accommodate the entire expected signal range. Large sized input transistors can be used to minimize the intrinsic flicker (1/f ) noise and offset of the core amp lifier. However, the increased gate area results in added parasitics, lead ing to a reduction in the IA input im pedance. Ultimately, the tradeoffs required to meet these specifica tions are highly dependent on the IA architecture and the type of circuitry used to compensate for the ampli fier nonidealities, and these must be selected with the end power budget in mind. For example, the chopping technique [15] is utilized extensively to improve the IA noise performance. Using this technique, the input signal is upmodulated prior to amplification and demodulated back to the original band at the IA output. Flicker noise and offsets introduced by the core amplifier are only upmodulated at the amplifier output using this tech nique and thereby separated from the amplified signal. However, the use of this technique can lead to a degraded input impedance, requiring the addition of impedance boosting circuitry [16] .
Regarding analogtodigital conver sion, lowpower successiveapproxi mationregister ADCs are widely used among biopotential sensing front ends due to their suitability for low sampling rate (up to hundreds of kilo samples per second) and medium resolution (12 b) applications [17] . On the system level, the actual sampling rate of the ADC is dependent on the positioning of this block with respect to the individual IAs. The ADC is typi cally placed after the IA. Alternatively, the outputs of multiple IAs can been multiplexed to a single ADC operating at a higher sampling rate, optimizing the overall system area.
Careful design is also required in the algorithm hardware implemen tation so that the signals fed to the algorithm are not corrupted by in band noise and nonidealities resulting from individual analog circuits in the signal processing chain. It may prove useful to simulate the algorithm per formance with different amounts of added artificially generated noise, during the algorithm design process, to identify the maximum noise level that can be tolerated by the system without incurring an intolerable loss in performance. Doing this will also prevent having to overdesign circuit The most significant requirement of a wearable medical device, apart from functionality, is that it centers around human factors.
blocks to avoid risks of degradation. An illustration of this can be found in [18] , where it was found that by doing this on an interictal spike detection algorithm, the performance results obtained from this simulation sig nificantly relaxed the dynamic range requirements for the analog circuits implemented in the hardware imple mentation of the algorithm from 72 down to 40 dB. In the case of digital circuits, un derstanding the accuracy requirements for different data path components allows chip designers to select the appropriate numberrepresentation system and use the correct architec ture for those components. The dif ference between different types of multipliers, e.g., can have an impact on the power requirements but also on the overall accuracy of the system. There will be tradeoffs at this stage, and it is also important to take into account the acceptable tolerance for the overall classification. Within the algorithmic pipeline, there will be different parts of the algorithm with higher accuracy requirements than others. This should be studied to determine those parts where the initial constraints can be relaxed, thereby saving computation power. Some parts of the system may need numbers represented in 16 b, e.g., whereas in other parts numbers with 4 or 8b representations may be acceptable. Other data path optimiza tions should also be looked at if they fall within the acceptable accuracy range. If there is an operation that requires multiplication by 1.95, e.g., it should be checked whether multipli cation by two is a suitable alternative within the accuracy requirements. If it is, the resulting change requires only a simple bitshift operation instead of a significantly more complex multipli cation operation. This translates to a simple wire in hardware compared to a set of data path components needed for multiplication.
In any case, what is an intolerable loss in performance will ultimately depend on the device's intended use. In the case of medical devices, the latter is not just the manufacturer's/ designer's choice but is determined by legal constraints in different terri tories [8] , existing predicates [9] , and accepted set of standards [19] .
Apart from these, it should also be possible to ascertain the mem ory requirements as well as get an initial estimate on power consump tion, clocking requirements, achiev able classification accuracy, and latency. There may be more changes in approach when the design stage starts in full flow; however, the ob jective of carrying out this exercise should be to reveal the possible t r adeoffs and determine with a high level of confidence how these can be used to reasonably achieve the design specifications within the known constraints.
Conclusions
It is clear that the healthcare needs of the everaging population can not be met by the existing health care models. This will only result in more and more people becoming ill and either not getting the treatment they need or getting it unnecessarily late. Hence, a complete change in the approach to health care is needed, one that takes advantage of techno logical advances to provide quick and accessible care to patients. Wearable medical devices have the potential to disrupt the healthcare industry and provide this care by enabling long term monitoring, data collection and analysis, remote diagnosis, and real time detection of significant events. However, the design of such devices is a very complex process and requires a patientcentric approach to gain the confidence of not just clinicians but also patients to persuade them to use such devices unsupervised and, in some cases, during long periods of time. For the designers of wear able medical devices, this approach introduces a number of challenges and constraints, taking into account many different and, in some cases, multidisciplinary aspects and trade offs. This article has discussed some of these design aspects and trade offs that are direct consequences of patient usability requirements.
Wearable medical devices gener ate large amounts of data that require complex methods for signal analysis and classification. The use of machine learning techniques, such as artificial neural networks and support vector machines, together with hundreds of features in different domains, is espe cially helpful to gain more insights into these data. In many cases, wear able medical devices are required to carry out realtime processing and classification of signals. To achieve this, there is a growing trend to move toward edge processing rather than waiting for signals to be processed on more powerful devices.
Circuit designers are playing a key role in trying to bring intelligence into embedded devices using novel algo rithmic and processing techniques, such as creating dedicated hardware for machine learning on edge devices [20] , [21] . For medical devices spe cifically, it is also important to take advantage of other sources of poten tial optimizations stemming from the different use cases. Going forward, this is a trend that will continue to grow and require more innovation to develop lowpower and highly op timized hardware for specific ap plications. This type of hardware is integral for the design of wearable medical devices, and circuit design ers have a huge role in making them a success.
Understanding the accuracy requirements for different data path components allows chip designers to select the appropriate numberrepresentation system and use the correct architecture for those components. 
About the Authors

